Detecting falls is important for ensuring the safety and health of elderly persons in ambient assisted living. After the recent introduction of an inexpensive depth sensor, the Microsoft Kinect, methods for detecting falls using depth data have been proposed. The aim of this paper is to evaluate the applicability of Kinect sensors for person detection and fall detection. The results indicate that these sensors are well suited for these tasks. However, the technology is not without limitations, which have to be considered when designing fall detection algorithms.
Introduction
Each year thousands of elderly persons suffer from a fall. For the elderly falls can result in severe injuries such as fractures, may have dramatic psychological consequences and can even be lethal. Persons who are injured during a fall are not always able to get up and call for help on their own. Getting help quickly after a fall reduces the risk of hospitalization and death considerably; by 26% respectively over 80%, according to [9] . Therefore, automatic detection of falls is mandatory for ensuring the safety and health of elderly persons who live alone.
One approach to automatic fall detection is to utilize wearable sensors, such as accelerometers [8] . A disadvantage of such methods is that they only work when the sensor is worn properly. Therefore, falls cannot be detected if the person forgets or refuses to wear the sensor. Consequently, passive methods, which do not require such sensors, have been proposed. A family of such methods detects falls by means of cameras and computer vision algorithms. Methods of this type locate and track persons in camera images and detect falls based on properties derived from tracking data, such as motion speed and region properties.
However, fall detection using traditional RGB cameras has considerable disadvantages. Such cameras work only in illuminated scenes, so falls that occur in darkness cannot be detected. Robust person detection in camera images is problematic because object colors depend on the illumination, which generally varies drastically over time. Most state-of-the-art person detection methods are based on background subtraction [16] . These methods cannot reliably detect objects that have a color similar to the background (e.g. walls or the floor), which cannot be precluded given the variety of clothing colors.
In late 2010, an inexpensive depth sensor called Kinect was released by Microsoft. The Kinect is an active depth sensor based on structured light. 1 Kinect sensors project an infrared pattern onto the scene, which is recorded using a conventional camera. In every recorded image, the pattern is detected and matched with the projected pattern. The obtained correspondences are used to compute disparities, from which distances to objects in the scene can be derived. Kinects return dense disparity images with resolutions of up to 640 by 480, at up to 30fps. Pixels for which disparity estimation failed are flagged accordingly by the sensor. In this paper, such pixels are called zero-pixels.
Since its release, researchers have been using Kinect sensors for a wide area of tasks, including automatic fall detection [14, 12, 10] . For fall detection, Kinect sensors have advantages over traditional RGB cameras due to the fact that depth data allows for more robust person detection. As active measuring devices, Kinects work independently of lighting conditions, even in darkness. Moreover, depth data is well-suited for use with background subtraction methods [17] . Another advantage which is particularly valuable for fall detection is that object sizes and positions in the scene can be derived from the data, which allows for improved classification and localization of objects.
The technology behind the Kinect is not without limitations. The maximum measuring range of the sensor is approximately 10m in theory, which is generally sufficient for fall detection, considering the average size of rooms in houses. However, in practice the limit can be considerably lower, depending on scene conditions. Reflective or absorbing materials can decrease both measuring range and data quality. Strong external sources of infrared radiation, such as sunlight or other Kinect sensors, can have the same effects. Therefore, knowledge regarding the data quality and limitations of the technology is mandatory for designing robust person detection and fall detection algorithms.
However, available literature on Kinect-based fall detection covers or considers these limitations insufficiently or not at all. Literature that analyzes the technology behind the Kinect and properties of the generated depth data is available, but important aspects for person detection and consequently fall detection are missing. To the best knowledge of the author, experiments regarding the impact of clothing materials and lighting conditions on the measurement quality have not been published yet. Moreover, analyses in present literature are often restricted to near-range, or do not cover the influence of object distance on the results.
This work aims to fill this gap by means of quantitative sensor analysis, with the aim of providing readers with information that is valuable for designing Kinectbased person detection and fall detection algorithms. The findings presented in this paper suggest that Kinect data is generally stable with respect to object distances, clothing materials and lighting conditions, which confirms that Kinects are well suited for fall detection. However, there are limiting factors which must be considered. This paper is structured as follows. Section 2 reviews related literature on sensor analysis. The experiments conducted to analyze the sensor quality and limitations are outlined in Section 3. Section 4 presents and discusses the results of the experiments and Section 5 concludes the paper.
Related Literature
Technical details on the technology behind Kinect sensors and explanations regarding the mapping between disparities and distances are covered in [7, 13, 5] . There are three popular software packages for working with Kinect sensors on computers, namely Kinect SDK 2 , OpenNI 3 and libfreenect 4 . Kinect SDK and OpenNI take care of transforming disparities to distances and provide additional functionality. Particularly, Kinect SDK includes person detection and tracking, as well as pose estimation. OpenNI provides similar features with the help of NITE 5 . This functionality has been utilized for fall detection, for example in [10] . Andersen et al. [1] compare the different software packages. Feature differences are listed in Table 1 .
Kinect sensors have a limited depth resolution, i.e. they can distinguish between two distances only if their difference is large enough. [7] and [1] show that depth resolution decreases quadratically with object distance. According to [1] , the resolution decreases from below 1cm at a distance of 1m to almost 25cm at a distance of 9m.
The authors of [7] and [5] examine the measurement precision, i.e. the average deviation between multiple measurements of the same object. They do so by examining measured distances to a planar surface which is oriented parallel to the image plane of the sensor. Kinect sensors compute equidistant measurements, i.e. depth values correspond to z coordinates in the sensor coordinate system [7, 1] . This means that the sensor returns constant depth values for planar objects that are oriented parallel to the image plane, with deviations representing measurement errors. Therefore, [7] and [5] estimate the precision as the Root-Mean-Square Error (RMSE) between the measurements and a fitted plane. The results are comparable and correspond to approximately half the corresponding depth resolution. Analysis over several frames is missing but important, as fall detection is a continuous task. Furthermore, the relation between sensor precision and measurement errors has not been examined. Knowledge of the magnitudes and frequencies of such errors is valuable for proper configuration of person detection algorithms.
The accuracy of the sensor denotes how close measurements are to the true distance on average. [7] and [11] estimate the accuracy by reprojecting the measurements to obtain data points in 3D, which are compared to reference points obtained with an accurate laser rangefinder. Unfortunately, the results presented in these papers are limited to near-range, and are thus of limited value in the context of person detection and fall detection. Specular, absorbing or translucent surfaces can degrade measuring performance or render measurements impossible. [2] examine different materials and show that the percentage of zero-pixels is correlated with object specularity. However, clothing materials were not tested. Other authors mention that object materials can influence data quality, but do not conduct tests [7, 1] . To the knowledge of the author, literature that examines the effect of different clothing materials on data quality is not available.
Infrared radiation from sources such as the sun or other Kinect sensors can decrease the sensor performance. The topic of interferences between multiple sensor is covered in Berger et al. [2] , who show that the number zeropixels increases with the number of sensors and depending on surface properties. The authors of [11] state that the angle between two sensors facing each other should be at least 35 degrees in order to minimize interferences, and that the number of zero-pixels decreases with sensor distance. In [1] two Kinect sensor are positioned side-by-side, facing a wall which is located 1.5m away. One sensor is shifted towards the other, and the measurements in the common field of view are analyzed for zero-pixels. According to the authors, the number of such pixels varies between two and four percent. [7] and [1] mention that infrared radiation in sunlight can degrade the measurement quality, but, to the best knowledge of the author, literature that analyzes this correlation has not been published yet.
Methods
This section describes the experiments carried out to analyze the measurement quality of the Kinect. The focus of the analysis was on properties which are important for fall detection but had not been examined before, or only insufficiently for fall detection. More precisely, the sensor was analyzed with respect to the quality criteria (i) resolution, (ii) precision, (iii) random errors, (iv) systematic errors and (v) reproducibility [15] . In the context of this analysis, these criteria have the following meaning: • Resolution: smallest difference in distance the sensor can distinguish.
• Precision: closeness between depth measurements of the same object under identical conditions. In this paper, precision is defined as the standard deviation between multiple measurements, similar to [7, 5] .
• Random errors: difference between a depth measurement of an object and the average of a large number of depth measurements of the same object.
• Systematic errors: difference between the mean of a large number of depth measurements of the same object and the true distance of the object. This criteria is called accuracy in related literature [7, 11, 13] .
• Reproducibility: closeness between depth measurements of the same object under changing conditions.
All experiments were carried out on metrical data, as provided by OpenNI 1.5.2.23 stable.
Resolution
The depth resolution of the Kinect was estimated empirically, similar to [1] . More precisely, distance measurements were recorded while the sensor was translated slowly away from a wall, up to a distance of 11m. This was done three times to ensure that the obtained dataset was complete, in the sense that it contained all values the sensor was able to produce. In order to derive the resolution, all unique measurement values were obtained and sorted, resulting in a
Precision and Errors
In order to allow for direct comparison, the quality criteria (ii), (iii) and (iv) were computed from the same dataset. This dataset was generated in a controlled environment, in absence of sunlight and other sources of strong infrared radiation. A cardboard plane with a width and height of 55cm by 99cm was used as the test object. The object was chosen because it was planar, had little absorption and was, in approximation, a diffuse reflector. Therefore, it represented an eminently suitable measurement target for Kinect sensors. The sensor was positioned at half the height of the test object, and the test object was aligned parallel to the image plane of the sensor. This was done for object distances between two and nine meters, in 1m steps. For every test distance d, the true distance to the sensor t d was measured with a laser rangefinder and 100 frames were recorded.
For every test distance, all recorded values for the test object were analyzed. Measurements of border regions were discarded as such regions contain measurement errors [1] . Zero-pixels were also removed and the remaining values were consolidated to one set of values per distance, denoted as x d . The motivation for this consolidation was that the sensor measures identical distances for planar objects that are oriented parallel to the sensor. Therefore, measurements of such objects can be treated as being equal. The rationale behind examining several consecutive frames is that fall detection is a continuous task, thus temporal analysis was considered valuable.
The measurement quality was estimated by regarding Results presented in [4] suggest that X d can be approximated by a Gaussian distribution, i.e.
In order to verify whether this assumption is correct, the pth percentiles of the random errors were compared with Φ 
Reproducibility -Surface Materials
In order to investigate the impact of different surface materials on sensor quality, tests regarding precision and random errors were repeated under identical test conditions 6 q = 0.999999 was used for p = 100 as Φ
and using the methods as described in Section 3.2. However, the surface of the test object was covered with three different materials, namely black cotton, red polyester and black leather. These materials were chosen because they are often used in cloth manufacturing.
Reproducibility -Lighting Conditions
Sunlight and radiation from other Kinect sensor can have a negative impact on the sensor performance [7, 1] . In order to analyze the influence of these sources of infrared radiation, the following long-term test was conducted. A test setup was established in an office room with three large windows. Three test objects in the form of cardboard planes, from now on denoted as blue, green and red, were placed in the scene, as shown in Figure 1 . The materials of the test objects were identical to that of the test object described in Section 3.2. Every thirty minutes 100 consecutive frames were recorded, over a total duration of 21 hours. An illuminance meter was used to measure the illuminance at the center of the three test objects during daytime. In order to assess the sensor performance in presence of two sensors, a second Kinect was positioned in the scene, as illustrated in Figure 2 . The scene remained static throughout the test, thus measurement variations were due to changes in lighting conditions. Strong external infrared radiation can obscure the pattern projected by the sensor, which can result in erroneous measurements or zero-pixels. Therefore, the recorded data were preprocessed and analyzed with respect to precision and random errors, as described in Section 3.2. 
Results and Discussion
In this section, the results of the experiments described in Section 3 are presented and discussed with respect to person detection and fall detection.
Resolution
As shown in Figure 3 , the sensor resolution decreased quadratically with distance. The results are in correspondence with those presented in [7] and [1] . Knowledge of the depth resolution of the sensor is valuable as depth resolution represents the lower bound for detectable scene changes. For example, reliable detection of limbs of persons who lean on a wall may not be possible, depending on sensor distance and orientation.
Precision
The cardinalities of the analyzed datasets x d are summarized in Table 2 . Figure 4 shows the results of the precision test, together with the precision reported in [7] . Both results indicate that the sensor precision decreases quadratically with object distance, but the measured values are around 1cm larger than those reported by [7] . Deviations were expected given the different test methods. [7] calculate the precision as the RMSE of plane fitting based on data from a single frame. This approach has the advantage of correcting for imprecise plane alignment, but it does not consider precision over time. On the other hand, the test described in Section 3.2 accounts for possible temporal variations, but is susceptible to alignment errors. Figure 4 . Depth precision as a function of object distance. The measured precision of the sensor is depicted in blue and the precision as reported by [7] is shown in magenta.
In order to examine the reason for the different results, the plane fitting test carried out in [7] was applied to all frames of the test data. The resulting RMSEs differed considerably between frames, which indicates that it is sensible to estimate the precision over several frames. For example, the range of the 100 computed RMSEs at a test distance of 5m was almost 6mm. However, small alignment errors could not be avoided, thus a fraction of the differences is assumed to stem from imprecise alignment.
Sensor precision is an indicator for the stability of repeated measurements of the same object. The results suggest that measurement fluctuations are small on average, as the estimated precisions are small compared to the measured values. In consequence, it is expected that variations between measurements are small in general and that strong outliers are infrequent. Figure 5 shows the pth percentiles of the observed random errors as a function of object distance, for p = {90, 95, 100}. The dashed lines represent the graphs of the corresponding φ q , as described in Section 3.2.
Random Errors
The frequencies and magnitudes of random errors correspond to the percentiles of the mean-subtracted measurements. Figure 5 shows that the 100th percentiles, i.e. the strongest observed outliers from the mean, reached substantial magnitudes at larger object distances. However, 95% of outliers had much smaller magnitudes, and 90% of all measurements differed from the mean by less than the resolution at the tested distances. The test results suggest that the frequency of strong outliers is comparatively small, which supports the results presented in Section 4.2.
As visible in Figure 5 , the 90th and 100th percentiles of the random errors are close to the corresponding estimates φ 0.95 and φ 0.999999 , but the 95th percentiles and φ 0.975 differ considerably. This was expected as, from a statistical standpoint, X d is discrete and therefore not Gaussian, hence estimation introduces errors. The results suggest that these errors increase with p and d, which is plausible as the depth resolution of the sensor decreases with increasing object distance d. The test results indicate that estimating the frequency and magnitudes of random errors based on the proposed model φ represents a viable heuristic for object distances of up to 6m. The ability to estimate the frequencies of magnitudes of outliers allows for proper configuration of background subtraction algorithms and consequently can help optimize person detection and fall detection performance. During background subtraction a pixel is classified as foreground if it differs by more than a threshold t from the background model. 7 The results presented in this section can provide guidance on the definition of t, depending on whether a small false positive rate or a small false negative rate is more important. Setting t high can lead to misdetections of persons who are close to the background, as described in Section 4.1.
Systematic Errors
The systematic error corresponds to the average error between the true distance to an object and a large number of measurements, i.e. it encodes the average accuracy of the sensor. The test results, depicted in Figure 6 , show that the measured averages were larger than than the true distances. The error increased quadratically, remaining below 10cm for object distances below 6m but increasing up to 25cm. Kinect sensors return disparity values. Transformation from disparities to distances is carried out in software and therefore depends on the implementation. Differences between software packages and -versions are expected to be small as there is only one optimal mapping, which can be derived by comparing disparity values with corresponding object distances [7] .
Knowledge of the systematic error is valuable as it allows for correction by computing z = z − e(z), where z is the measured distance and e(z) indicates the known systematic error at distance z.
Reproducibility -Surface Materials
The results of the analysis regarding the impact of different clothing materials are summarized in Figures 7, 8 and  9 . The precisions, 95th and 100th percentiles for cotton and polyester were found to be close to the corresponding reference values presented in Sections 4.2 and 4.3. The differences between the results are expected to originate from alignment errors. On the other hand, the measurement results on leather were clearly worse at distances greater than 4m. At object distances of 6m and 7m, 5% and 16% of all measured values were zero-pixels, respectively. No zeropixels were observed while testing cotton and polyester, which proves that clothing materials can have a negative effect on the measurement range of the sensor.
Clothing worn at home is often made from cotton or materials with similar reflectivity properties, such as wool or linen. The test results indicate that the sensor quality is stable with respect to such clothing materials. However, there are clothing materials which impede correct measurement, such as leather. Therefore, further analysis in this regard is advised. 
Reproducibility -Lighting Conditions
As visible in Figures 10 and 11 , the radiation of the second Kinect decreased the measurement quality for the blue test object. Both the imprecision and the 95th quantiles of the random errors were found to be larger than the reference values at the corresponding object distance. The figures show that the measurement quality remained stable over time, despite considerable variances in illuminance (summarized in Table 3 ). The share of zero-pixels varied between zero and one percent throughout the test, with the exception of the dataset recorded at 16:30. At this time parts of the blue object were exposed to direct sunlight. The sensor was not able to measure distances to these regions. In the vicinity the illuminance was approximately 6000 lux, which represented the maximum illuminance under which measurements were still possible. Importantly, this limit was found to vary with sensor distance, surface properties and reflection angles, and is therefore not universally applicable. The precision for the green test object was not affected by the lighting conditions and was similar to the reference precision at the test distance. The magnitude of the 95th percentile of random errors increased during daytime. The observed maximum was approximately 9cm, which is consistent with the reference presented in Section 4.3. During nighttime the maxima were below the reference value. No zero-pixels were observed throughout the test, which was expected as the test object was protected from direct sunlight and radiation from the second sensor.
As shown in Figure 10 the precision for the red test object varied between 9cm and 11cm throughout the test. There was a high variability even during nighttime. A possible explanation for this variability is sensor adaption. [1] and [5] report similar behavior. The random errors increased during daytime, but varied strongly throughout the test. Different datasets were tested in order to rule out erroneous data, but the variability persisted.
The performance degradation due to the second sensor was small, which indicates that person detection and fall detection using two Kinects is viable. However, the effect of a second sensor on the measurement quality depends on object materials, sensor distances and angles [2, 11] . Thus, a general statement in this regard is not possible.
Comparison of the results shows that the robustness of the sensor with respect to lighting conditions decreases with object distance. The results for the blue object, which was 4m away from the sensor, remained almost constant throughout the test. This stability is remarkable as the measured illuminance varied between 0 and around 6000 lux. 8 On the other hand, the results for the red object, which was 7.5m away from the sensor, confirm a correlation between measurement quality and lighting conditions. The maximum illuminance observed at the surface of this object was only 530 lux, indicating that the sensor is susceptible to moderate infrared radiation at large object distances. This is reasonable as the intensity of the projected pattern decreases with object distance because of speckle effects. Further research in this regard is suggested.
The sensor was not able to measure distances to areas which were exposed to direct sunlight. Such areas are common and therefore pose a potential problem in the context of Kinect-based fall detection. Tests show that sunlight falling through windows can result in large areas on the floor for which measurements are not possible. If a person falls in these regions he or she may not be detected at all, or only partially. This can cause fall detection algorithms to fail, with possibly severe consequences for the victim of the fall. Moreover, the test results for the red object suggest that the sensor may not be able to generate reliable measurements of faraway objects that are subject to strong yet indirect illuminance from the sun. 
Conclusion
The findings presented in this paper confirm that the Kinect sensor is well suited for fall detection, as the high quality of the depth data allows for reliable person detection. The results indicate that the measurement quality is robust with respect to common clothing materials and lighting conditions. However, some clothing materials and strong illuminance from the sun can decrease the measurement quality considerably or prevent measurements completely, especially for faraway objects. Based on the test results, it is advisable that the region in which falls must be detected remains within a distance of 6m from the sensor. The consequences of zero-pixel areas due to direct sunlight emission depend on the used fall detection algorithm and hence must be assessed on a per-algorithm basis.
Furthermore, this paper proposed a heuristic for estimating the frequency and magnitudes of random errors. This heuristic can aid in proper configuration of background subtraction algorithms, and consequently can help optimize fall detection performance.
